The aim of our research is to identify potential genes associated with Ductal carcinoma in situ (DCIS) through microarrays. The microarray dataset GS54665 were downloaded from the GEO(Gene Expression Omnibus) database. Dysregulated genes were screened and their associations with DCIS was analyzed by comprehensive bioinformatics tools. A total of 649 differential expression genes were identified between normal and DCIS samples, including 224 up-regulated genes and 425 down-regulated genes. Biological process annotation and pathway enrichment analysis identified several DCIS-related signaling pathways. Finally, PPI network was constructed with String website in order to get the hub codes involved in Ductal carcinoma in situ. We thus concluded that Five genes: CDK1, CCNB2, MAD2L1, PPARG, ACACB were finally identified to participate in the regulation and serve as potential diagnosis signatures in in Ductal carcinoma in situ. Finally, complmentarity between CDK1 and three drugs, Aminophenazone, Pomalidomide and the Rosoxacin, implies novel pharmacological value of those drugs in breast cancer.
INTRODUCTION
Ductal carcinoma in situ (DCIS) comprises a heterogeneous group of neoplastic lesions confined to the breast ducts [1, 2] , which subject to clonal proliferation of epithelial malignant cells yet does not exhibit stromal invasion into adjacent breast stroma under microscopic examination. The increased prevelance of mammographic screening has tremendously changed the situation where DCIS had been underdiagnosed, and the past two decades witnessed the dramatic increase of detection rate. The 10-year cancer-specific survival of DCIS reached over 95%, indicating that early diagnosis would exert substantial influence on prognosis [3] . However, the heterogeneity of DCIS warrants comprehensive investigations into the molecular mechanisms to enlighten management of this disease [4] .
Traditionally, the diagnosis of DCIS relied on mammography and clinic pathologic findings [5] . However, the accuracy suffered from high false positive rate and high false negative rate, resulting in under-or over-treatment of DCIS [6] . Therefore, characterization of molecular signatures holds the promise for improving diagnosis of DCIS. Multiple lines of evidence demonstrated that diagnosis, prognosis and therapy prediction gain remarkable improvement from molecular signature [7, 8, 9] , particularlyin identifying risk factors and early phase of carcinogenesis. Another compelling advantage of molecular signature resides in its non-invasive operation and relatively low cost, rendering it a promising method for seeking predictive and therapeutic biomarkers.
Microarray has been employed in characterizing themolecular mechanism of DCIS [10, 11, 12] . Several expression profiling researches of DCIS have been released, most of which were designed to identify key candidate genes implicated in the progression of DCIS to invasive ductal breast cancer (IDC) [13] . In this research, we collected 14 microarray data from microarray dataset: normal ductal cells from 5 patients; 9 surgical specimens with DCIS and proceeded several of bioinformatics analysis to recognize the molecular mechanism of DCIS. Gene with expression different between normal cells and cancer cells were identified. MAD2L1, CDK1 and ACACB exhibit significantly distinctive expression patterns and may be highly involved in cacer related pathways of breast cancer, DCIS. Furthermore, docking analysis revealed that CDK1, a potential target of DCIS, has active site complementary with three antibiotic drugs, Pomalidomide and the Rosoxacin, indicating novel pharmacological utility of these drugs.
RESULTS

Analysis of DEGs
The expression profile were preprocessed and then analyzed by Affy package in R language. Total genes were screened. Cassette figures after data standardization was shown in Figure 1A . The alignment of black dots on the same line indicates good standardization.
Hierarchy cluster analysis demonstarted that the 9 breast cancer in situ samples and the 5 normal samples showed different distribution ( Figure 1B) . The result revealed that grouping was reasonable and the data can be directly applied to further analysis. A total of 649 DEGs were identified in normal ductal cells obtain from DCIS patients. There are 224 up-regulated genes and 425 downregulated genes ( Figure 1C ). The top ten up-regulated genes (with the highest log-transformed fold change) were CEACAM6, S100P, RRM2, COL10A1, KMO, TFAP2B, SDC1, COMP, KIAA0101 and GJB2. The top ten downregulated genes (with the smallest log-transformed fold change) were CIDEC, PCOLCE2, HSPB7, ACVR1C, PLIN4, TUSC5, GPD1, TIMP4, LEP and CIDEA (Table 1) .
Function and pathway enrichment analysis
A total of 224 up-regulated genes and 425 downregulated genes were uploaded to DAVID for GO enrichment (p < = 0.05 as significant). Figure 2A and 2B showed the top enriched GO terms of up-and downregulated genes separately. The up-regulated genes were mainly enriched in cell cycle phase, M phase, mitosis, nuclear division, mitotic cell cycle, M phase of mitotic cell cycle, organelle fission, cell division, cell cycle process and cell cycle ( Table 2) , whereas the down-regulated genes were over-represented in response to endogenous stimulus, response to hormone stimulus, regulation of lipid metabolic process, plasma membrane part, plasma membrane, response to peptide hormone stimulus, response to organic substance, response to insulin stimulus, lipid particle and cell fraction, etc. (Table 3 ). The KEGG pathways of upand downregulated genes were summarized in Tables 4  and 5 . The upregulated genes were mainly enriched in Cell cycle, Oocyte meiosis, Progesterone-mediated oocyte maturation, p53 signaling pathway and Systemic lupus erythematosus (Table 4) . Down-regulated genes were related to Glycerolipid metabolism, PPAR signaling pathway, Fatty acid metabolism, Pyruvate metabolism, Insulin signaling pathway, Glycolysis / Gluconeogenesis, Adipocytokine signaling pathway, Histidine metabolism, Propanoate metabolism and Retinol metabolism ( Table 5 ).
Analysis of PPI network
Initially, to get PPI data, we uploaded 478 DEGs to STRING website. Next, the samples whose PPI score above 0.4 were selected to construct PPI networks. The PPI networks of up-and down-regulated DEGs were displayed in Figure 3 . The up-regulated network was created with 182 nodes and 486 edges ( Figure 3A) . The proteins cyclin dependent kinase 1 (CDK1, degree = 41), cyclin B2 (CCNB2, degree = 36), and MAD2 mitotic arrest deficient-like 1 (MAD2L1, degree = 36) were hub nodes in this network. The down-regulated PPI network was constructed with 262 nodes and 633 edges ( Figure 3B ). The protein superoxisome proliferator activated receptor gamma (PPARG, degree = 32), acetyl-CoA carboxylase beta (ACACB, degree = 29) and catalase (CAT, degree = 27) were hub nodes in this network ( Figure 3C and 3D ). These genes are also enriched in Go terms and KEGG pathway excluding CAT gene.
Key genes filter and survival analysis
To visualize gene expression level of the 5 most intersecting genes: CDK1, CCNB2, MAD2L1, PPARG, and ACACB, we used pheatmap package implemented in R to generate a heatmap ( Figure 4 ) to detect the gene www.impactjournals.com/oncotarget expression differences between normal ductal cells and DCIS. In this step, we targeted three genes: MAD2L1, CDK1 and ACACB, because they showed the most significant distinction in gene expression profile.
Docking the ZINC database
The 26,504 molecules of the lead-like subset of the ZINC database were docked into the structure of CDK1. The molecules were scored for receptor complementarity based on the sum of their van der Waals [using the AMBER potential] and electrostatic interaction energies [using ligand probe charges in an electrostatic potential calculated by DelPhi, corrected for ligand desolvation ( Figure 5 ). Based on their docking scores, the compounds were ranked from best to worst fitting, and all of the compounds prioritized for experimental testing were selected from the top-ranking 500 molecules, representing 0.05% of the docked library. In addition, these molecules were inspected visually for features not captured in the docking calculation, such as chemical diversity, actual commercial availability, and an overall balance between polar and nonpolar complementarily to the binding site. Finally, 9 molecules were selected for the further study (Table 6 ). Moreover, a structure alignment between the selected 9 compounds and the members of the DrugPort containing 1492 approved drugs were performed to find FDA approved drugs which can inhibit the activity of the CDK1. Consequently, Aminophenazone, Pomalidomide and the Rosoxacin shared large similarity to the structures of the Zinc210393, Zinc 312408 and Zinc5316172, respectively, suggesting that these compounds can bind to the active site of the CDK1 with the similar poses of the Zinc210393, Zinc 312408 and Zinc5316172 (Figure 6 ). It was postulated that Aminophenazone, Pomalidomide and the Rosoxacin might have therapeutic value in treating diseases derived from the dysfunction of CDK1.
DISCUSSION
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However, current studies characterizing the function of ACACB in DCIS is rare. The current research revealed that the ectopic expression of ACACB reminiscent of its clinical value as a diagnostic indicator of DCIS [26, 27, 
METHODS
Microarray data
The microarray data GSE21422 was collected from Gene Expression Omnibus(GEO) which was built upon GPL570 platform. This platform was stored by Schaefer C et al [13] and houses 19 microarray data of nine DCIS, 5 invasive ductal carcinoma(IDC) and 5 healthy control samples obtained from patients with breast reduction surgery.
Data preprocessing
The original CEL data were imported into R and affy package was implemented for background correction and normalization. The expression of genes corresponding to multi probes were summarized. mas5calls in Affy was run to filter out samples with no gene expression.
Differentially expressed genes selection
DEGs between 5 healthy samples and 9 DCIS samples were identified using Limma package [14] . The FDR was set to 0.01 and those genes with |log 2 fold change | > =2 were regarded as differentially expression genes (DEGs).
Functional annotation and pathway analysis of DEGs
Database for Annotation, Visualization, and Integrated Discovery (DAVID) is a web-server that combines functional genomic annotations with intuitive graphical summaries [15] . Gene lists or protein identifiers were rapidly annotated and categorized using comprehensive categorical data from Gene Ontology (GO), protein domain, and biochemical pathway membership. To investigate the inter-connection between pathways involved in pathogical mechanism of DCIS, GO and Pathway enrichment analysis on DEGs were performed with the DAVID analysis system, significance level p<= 0.05.
Protein interaction networks analysis
Search Tool for the Retrieval of Interacting Genes/ Proteins (STRING) [16] database (http://string-db.org/) was used to analyze protein interactions. STRING has advantages in that it aggregates most of the available information on protein-protein associations, which were benchmarked and scored against a common reference of functional partnership annotated at KEGG. There are more than 1100 organisms in extensive protein connection with global data. In this research, protein-protein interaction (PPI) network of DEGs was constructed based on STRING database where the interaction score above 0.4 was considered as de facto interaction.
Protein preparation for docking
The structure of the CDK1 in complex with CYCLINB1 and CKS2 [PDB ID: 4YC3] was used in the docking calculations. The cofactors, ions and water molecules were removed from this complex. then the CYCLINB1 and CSK2 were also removed. The hydrogen atoms of the protein were added and optimized by the REDUCE. The active site of the CDK1 was obtained from the FTMAP server, the orientations for hydroxy groups in selected binding residues were modified to conform to the proton positions determined by the HBUILD module in CHARMM.
Docking calculations
Virtural screening was performed to identify molecules that could bind to the active site of the CDK1. Docking of all compounds (26,504 compounds) downloaded from the lead-like subset of ZINC database was performed using DOCK 3.6 program. Complementarity of each ligand pose is scored as the sum of the receptor-ligand electrostatic and van der Waals interaction energy and corrected for ligand desolvation. Partial charges from the united-atom AMBER force field were used for all receptor atoms except for Serine, for which the dipole moment was increased as previously described to boost electrostatic scores for poses in polar contact with these important residues.
